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1) Introduction
Education and health are the two most important forms of human capital. Their value stems from the observation that they both make individuals more productive. There is a large literature on the productivity effects of education. See for instance Schultz (1989) and Psacharopoulos and Patrinos (2004) . There is equally a large literature on the productivity effects of good health. See for instance ; Schultz and Tansel (1997) ; Thomas and Strauss (1997) . At the macro-level it is well documented both theoretically and empirically that education is an important determinant of economic growth. See for instance Bils and Klenow (2000) . A number of studies provide evidence that good health contributes to economic growth and morbidity adversely affects economic growth and national well-being. See for instance ; Mwabu (2003) and Weil (2007) . Further, both education and health significantly contribute to individual well-being in terms of both job satisfaction (see for instance Gazioğlu and Tansel, 2006) and life satisfaction ( see for instance Palmore and Luikart (1972) ).
Another area of research is the mutual relation between these two important forms of human capital namely education and health. Grossman and Kaester (1997) and Grossman (2003) both provide a comprehensive overview of the empirical works on the relation between education and health. A number of studies show that there is a significantly strong and positive association between education and health (see for instance, Arendt, 2005; Behrman and Wolfe, 1989; Gilleskie and Harrison 1998; Hartog and Oosterbeck, 1998; Kenkel, 1991; Leigh, 1998; Adams 2001; Spasojevic, 2003) .
The focus of this article is the relation between education and health. We ask the question if education improves health. The robust relationship between education and health is widely documented. There are a number of studies that demonstrate the correlation between education and health. However, it is more important to establish the causal nature of this relationship. This is important not only for the intrinsic value of knowing whether education has a causal effect on health but also from the point of view of social policy. For instance, if education causally affects health then a shift of public attention and funds from health care to education can advance both educational attainment and the health standing in any society. The direction of causality between education and health is studied less often and only recently and mostly in developed countries. Evidence from developing countries is scanty. Therefore, this study will investigate the causal effect of education on health in Turkey a middle income, developing country. There are two measures of health that we will consider. They are days hospitalized and days out of work as reported by the individual. It is well known that self-reported health measures are subjective and plagued with measurement errors (Butter, Burkhauser Mitchell and Pincus, 1987; Kreider, 1999; Lindeboom and Kerkhofs, 2002) . However, the health measures we consider in this study could be less problematic in this respect.
Recent studies in this topic considered mainly the case of developed countries such as the USA , Sweden (Spasojevic, 2003) or Denmark (Arendt, 2008) . There is less evidence from the developing countries. As a developing middle-income country Turkey will be an interesting case to study the nature of the relationship between education and health. Recently, there have been marked declines in adult mortality and morbidity as well as improvements in the nutritional front in Turkey. Tansel (2002; 2012) review the recent developments in the health status of the population and health system in Turkey.
The two health outcomes we consider are number days hospitalized and number of days out of work for health reasons. We consider two recent educational reforms as the source of exogenous variation in education. One is the educational expansion of the early 1960s and the other is the 1997 increase in compulsory level of schooling from five to eight years. However, our instrumental variable estimates are not reliable due to possibility of weak instruments and we abandon this approach. We focus on individuals in two cohorts namely, 1945-1965 which is an older cohort and 1980-1980 which is a younger cohort. We estimate and present Tobit models as well as Double Hurdle models. The econometric methodology employed considers the fact that the dependent variables, days hospitalized and days out of work both contain substantial number of zero days. Such an approach has not been used to analyze days hospitalized and days out of work in the Turkish case. The results suggest that an increase in years of education causes to reduce the number of days hospitalized for both men and women unambiguously and the number of days out of work only for men while an increase in education causes an increase the number of days out of work for a randomly selected women. We elaborate on the possible reasons for these results. The results provide interesting insights. Grossman and Kaestner (1997) and Grossman (2000; both provide excellent review of the empirical literature on the relation between education and health. Early empirical work reported merely on the association between education and health. Recent studies sought to identify the causal impact of education on health. For this purpose they used IV estimation strategies with various instruments where education is treated endogenous to health. Grossman (1975) controlled for health in childhood for identification. Behrman and Wolfe (1989) aimed to remove common family effects using data on siblings. used educational expenditures in the state of birth, parental education and income as instruments for education. Arkes (2002) used differences in unemployment rates between states as instrument for education. Adams (2001) used quarter of birth in the USA. More recently the use of such instruments are criticized and the recent studies used instruments related to school reforms. Tansel and Karaoglan (2016) in Turkey and Spasojevic (2003) in Sweden used school reforms. Similarly, Arendt (2005; 2008) in Denmark and Lleras-Munay (2005) in the USA also used school reforms to identify exogenous variation in education. There are other studies on the relation between education and health. These further studies include but not limited to the following. Kenkel (1991; , Gilleskie and Harrison (1998) , Hartog and Oosterbeek (1998) , Leigh (1998) , Cowell (2006) , Cutler and Lleras-Muney (2006) , Silles (2009), Conti, Heckman and Urzua (2010) , Lundborg, Nilsson and Rooth (2016) .
2) Brief Review of Literature

3) Conceptual Framework and the Model
There are several arguments that are proposed to explain the positive correlation between education and health. According to the productive efficiency argument more educated people obtain better health outcomes from given quantitates of health inputs ( Grossman, 1972 ( Grossman, , 2000 . In other words, highly educated people produce health more efficiently, implying that higher education leads to improved health. More clearly the notion of efficiency means that the more education one has the more health one can obtain out of a given dose of hospital days which is one of our health measure in this paper. The cognitive ability can make one more productive and reduce the hospital days by showing nursing staff ability to learn how to take medications, change dressings adhere to new diet etc. On the other hand, allocative efficiency argument emphasizes the selection of health inputs. Since, education improves an individual's knowledge about health, then highly educated are better able to select healthy lifestyles and best health inputs. Further educated people implement faster the new heath information. Finally, education leads to higher incomes which enables purchase of better health inputs.
Simple estimation of the effect of education from regression of heath on education may not be causal due to several factors. This argument points to the two-way causality between education and health. In other words, there is causality from better health to more education in addition to causality from education to health. Several researchers more recently Case et al. (2002; demonstrated that childhood circumstances are important determinants of both the adult health and educational attainment. As a result, because of the importance of past health, healthier people learn more efficiently and are more likely to attend school longer. A second argument proposes that omitted third variables could affect both the amount of education attained and the state of health. One such omitted variable is the time preference. (Farrell and Fuchs, 1982; . explained that preference for present versus future may be important in determination of heath investments and behaviors. For instance, future-oriented people place higher value on future benefits of both the education and health. Therefore, they invest more both in better health practices and greater education. Finally, genetically inherited traits may play a vital role in adult health. There may be differential heath endowments and differential school ability.
The education and health relationship can be presented by following twoequation model. Health = α 1 Education + X α 2 + e 1 Education = β 1 Z + X β 2 + e 2 In the first equation, the coefficient α 1 represents the causal effect of education on health. The vector X presents the common determinants of both education and health. They may include variables representing age, cohort effects, family background characteristics and geographical regions. The unobserved disturbance terms are shown as e 1 and e 2 respectively in the health and education equations. If e 1 and e 2 are correlated then schooling will be correlated with e 1 violating one of the main assumptions of Ordinary Least Squares (OLS) estimation. Therefore, application of OLS to the first equation will produce biased and inconsistent estimates of the coefficients. Inclusion of the education equation and the vector of variables Z allow estimation of the health equation and the coefficient α 1 by the Instrumental Variable (IV) method. The vector Z must include variables that are highly correlated with education (instrument relevance) but are uncorrelated with the unobservable variables in the health equation which are subsumed in e 1 (instrument exogeneity) . The IV method involves a two-stage estimation. In the first stage education equation is estimated. In the second stage health equation is estimated using predicted education from the first stage in place of the actual education.
4) The Data
This study uses the Turkish Health Survey (THS) collected by the Turkish Statistical Institute (TURKSTAT). There are several waves of this survey available. Therefore, this study will use and pool the waves of 2008, 2010, 2012, and 2014 . Each survey is a nationally representative random sample of about ten to fifteen thousand individuals. This survey is also used to analyze health behaviors by Tansel and Karaoglan (2014) . The survey includes information on a number of individual and personal characteristics including age, sex, education, employment and household income. Separate questionnaires are applied to the 0-6 age group, 7-14 age group and 15 and over age group in terms of health related issues. We will use the section of the questionnaire for the 15 and over age group. There are a number of self-reported health assessments including daily functional limitations and limitations in personal care. Further information includes utilization of health services, pharmaceuticals and utilization of various preventive measures such as vaccinations and various health related tests. In this questionnaire a separate section considers the various questions on health related behaviors and lifestyles such as smoking, drinking and others. There are also questions on various diseases.
We will consider two health outcomes in this study. The first health outcome considered is related to hospitalization which is asked to all individuals. There are two related questions. The first question (Question no 66) asks: Were you hospitalized at all with at least one overnight stay during the last 12 months? The second question (Question No. 68) asks: Considering all of your hospitalizations how many nights did you spend in the hospitals during the last 12 months? We will use this health measure in continuous form as number of days hospitalized. The first question is utilized to estimate the probit specification.
The second health outcome we consider in this study is the days out of the work which is asked to people who are currently employed. This health outcome is previously used by Schultz and Tansel (1997) in Cote D'Ivoire and Ghana. There are two related questions. The first question (Question No. 11) asks: Did you take time off from your work due to a health problem during the last 12 months. The second question (Question No. 12) asks: How many days did you take off from your work due to the health problems during the last 12 months. We will use this health measure in the continuous form. The first question will be utilized to estimate the probit specification. Further, in the 2010 wave we do not know the labor market status of the individuals. Therefore, 2010 wave is omitted in Table 2 but not in analysis days out of work for all employed individuals which include wage-earners, self-employed, employer and unpaid family workers.
All hospitalizations are mostly at public hospitals where costs are covered by the state. Recently the number of private hospitals increased tremendously in Turkey as well as their utilization. The recent health insurance system partly covers the costs at the private hospitals for which there is a co-payment.
For women the days hospitalized or the days out of work both exclude the relevant days due to pregnancy and child birth. For the samples of days out of work we have eliminated the upper 0.33 percent of observations for women and the upper 0.32 percent of observations for men as outliers. These amounted to deleting 71 observations for women and 56 observations for men. This corresponded to eliminating observations with 120 days and over for women and 200 days and over for men from the samples of days out of work.
Hospitalization as a Health Outcome
Hospitalization is obscure in nature and could signify three possible meanings. First of all, it could indicate demand for health care. This aspect is elaborated by Cameron et al. (1988) and Riphahn et al. (2003) . Thus, one could see days hospitalized as a measure of health input. How much of this health input is used depends on the individuals demand for health, prior stock of health capital and access to substitute health inputs. Second, as remarked by Geil et al. (1997) hospitalization could suggest poor health status. Third, hospitalization could reflect the supply of hospitals and their accessibility. For these reasons, the effect of education on the number of days hospitalized could be due to all these three factors namely, demand for health care, poor health status and supply of hospitals. In practice these effects can be very difficult to distinguish from one another and this will not be attempted in this paper. It is not possible to tell which effect dominates the others a priory. However, we are interested in hospitalization to represent poor health status.
A typical hospital stay has usually three phases such as a beginning, a middle and an end. During the beginning phase there is high intensity technical inputs. They are utilized to make a diagnosis and select a treatment course. During the middle phase nursing staff carries out most of the work by checking vital signs and giving intravenous treatments. During the end phase there is a process of teaching the patient and family about how to manage the case at home. This process may involve additional outpatient medications, diets and new behaviors. It is quite typical for patients and their families to hasten the end of the hospital stay by showing their capability to learn the new outpatient regimen during the middle and end of the stay.
Disease severity can lengthen the hospital stay that is, increase the number of days hospitalized. This may be due to medical staff taking longer to reach a diagnosis in the beginning phase. Further, recovery may require longer time during the middle phase of the hospital stay. Therefore, the length of the stay that is, the number of days hospitalized could be a mixed indicator of disease severity, demand for health care and presence of substitution possibilities.
We postulate that theoretically education might lead to fewer hospital days. This is because education can have Grossman (1972) effects on the demand for health care which lead to complete prevention of the need for hospitalization as well as lower disease severity. In addition, we assert that conditional on hospitalization, education will offer the patient higher ability to learn how to self-care and hasten the end of their stay thus, leading to fewer hospital days.
It is more likely that hospitalization indicates poor health status in the Turkish case rather than being a measure of health input or denoting supply or the access to hospitals. This is because of the recent universal health insurance reform which covers our sample period. As remarked earlier, health care in public hospitals are free of charge while in private hospitals it involves a co-payment. This implies that the supply of hospitals and their accessibility is not a major impediment for their utilization. Hospitalization could be seen as a demand for health care however, the demand for health care will not develop unless one has poor health status. Therefore, in this study we will consider days hospitalized as a good measure of a person's health status.
5) Empirical Specification
This research will estimate the causal effect of education on health. The analysis will be carried out separately for men and women. For this purpose the 2008, 2010, 2012 and 2014 waves of the THS conducted by the TURKSTAT will be used. The measurement error in health status that is systematically correlated with one or more explanatory variables, measurement error in education, endogeneity of education, omitted variables and health heterogeneity are the main estimation problems and result in biased and inconsistent estimates. Essentially the endogeneity of education is really a form of unobservable confounding due to a childhood health endowment. This childhood health endowment presumably leads simultaneously to choice of schooling attainment and then lingers to adulthood to offer health capital effects that can affect the health status more clearly that can keep them out of the hospital and make them recover sooner. In order to obtain consistent estimates, the problems of omitted variables, errors in variables and reverse causality will be surmounted within the framework of IV estimation. There are two health outcomes that will be used in this study. They are number of days hospitalized and number of days out of work. They are considered both as a continuous outcome. Education variable is also considered as a continuous variable measuring the years of schooling completed. This will allow comparisons with previous studies.
In the IV estimation procedure it is important to find suitable instruments that are highly correlated with education but not correlated with unobservables that affect the health status. The first condition is referred to as instrument relevance and the second condition is referred to as instrument exogeneity. In this study two educational reforms implemented during the study period will be used to identify the education effects on days hospitalized and days out of work. One is the educational expansion of the early 1960's. The other is the 1997 extension of the compulsory schooling level from five to eight years. In several previous studies both of these educational reforms are shown to be valid instruments for education. Tansel and Karaoglan (2016) used educational expansion of the early 1960's as an instrument. Kirdar, Dayioglu and Koc (2012) and several other researchers used the 1997 extension of the compulsory schooling as an instrument successfully. This study will use these two school reforms as instruments individually. The educational expansion of the early 1960's will be used for the older cohort of individuals. The 1997 extension of the compulsory schooling level will be used for the younger cohort (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) of individuals. This will allow us to check for the robustness of the results. Tests for the validity and relevance of the instruments are performed. In the top panel the schooling measure is average years of schooling. In the middle panel on the left hand side the schooling measure is the fraction of the sample at least primary school (five years) educated. In the middle panel on the right hand side the schooling measure is the fraction of the sample at least middle school (eight years) educated. In all of the cases, we observe an increase in the alternative measures of schooling for the cohorts influenced by the two Education Reforms which is more evident on the right hand side figures for the reform of 1997.
We limit our analysis to specific cohorts who are enrolled in school several years before and several years after the affected cohort by the Reform considered. More clearly for the 1961 reform we limit the sample to those who were born between1945-1965. For the 1997 reform we limit the sample to those who were born between1980-1990. This will allow us to see the education effects on an older cohort with the former sample and a younger cohort with the latter sample. The older cohort will be between 43-69 years of age during the survey years and the younger cohort will be between 18-34 years of age during the survey years used in this study.
5.1) Tobit Model
For a substantial number of observations we observe zero days hospitalized and zero days out of work. Therefore we specify a Tobit model due to Tobin (1958) as follows.
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Where y* is the latent variable and y is the actual days observed. Each individual has a latent or unobserved days. If it is known it is given the actual days and if it is unknown it is denoted by zero. x represents the explanatory variables. y is constrained and there is clustering around zero. This violates a basic assumption of OLS. OLS on the complete sample is biased and inconsistent. OLS on the un-clustered part is also biased and inconsistent Therefore, we estimate a Tobit model with maximum likelihood estimation procedure. The likelihood function is given by:
There are several expected values and the corresponding marginal effects in the Tobit model as it is shown by McDonald and Moffitt (1980) . Two of the more interesting ones are the expected value conditional on a positive observation on y and the expected value for a randomly selected observation. They are given as follows:
The corresponding marginal effects are given by the following formulas which will be used in the estimation in this paper:
5.2) Double Hurdle Model
In the Tobit model there is only one decision. Double Hurdle model which is due to Cragg (1971) is a popular generalization of the Tobit model ( see also Jones, 1989 and Pudney, 1989) . The Double Hurdle model is popularly used to estimate a number of different household expenditure items where zero expenditure observations are common. For example, Humphreys et al. (2010) and Crowley et al. (2012) analyzed household lottery expenditures and Aristei and Pieroni (2008) analyzed household tobacco expenditures. In the Double Hurdle model individuals go through two separate hurdles. The first hurdle is the participation decision which in our case decision to hospitalize or opt out of work. The second hurdle is the intensity decision which in our case how many days to be hospitalized or how many days to stay out of work. Actually both decisions depend on the severity of sickness.
The first decision is a probit model with w* as the binary latent variable and the second decision is essentially a censored model with y* as a different latent variable 1 . In the Tobit model both decisions are basically the same. However in the decision process there may be time and monetary costs, information cost and a search process. For these reasons, in the case of hospitalization and out of work cases Double Hurdle model may be more appropriate to use than the Tobit model. We specify the Double Hurdle model as follows.
where w* is the binary latent variable indicating the decision to hospitalize or the decision to opt out of work; y* is the latent continuous variable indicating the number of days hospitalized or the number of days out of work; x's are explanatory variables. In addition to normality the Double Hurdle model also assumes conditional independence of the latent variable's distribution. This model is estimated with maximum likelihood methods. The 1
In the censored econometric models the dependent variable is not fully observed but, independent variables such as individual characteristics are observed. The truncated data model is a situation where a subset of the population is observed. That is, both the dependent and the independent variables are not observed for a subset of the population. presentation below follows the discussion in Burke (2009) . The likelihood function is as follows:
The expected value of y conditional on y being positive:
where lambda is the Inverse Mills Ratio given by:
The unconditional expected value of y for a randomly selected observation is:
The probability that y is positive is given by:
The marginal effect of an independent variable, j x , around the probability that y is positive is given by:
The last two expressions are the same as the probabilities and the marginal effect from the probit regression of w on x.
The corresponding marginal effects to the preceding expected values as the conditional marginal effect is as follows: and the unconditional margial effect is as follows:
If xj is included only in x1 (first hurdle) then betaj will be zero then the second expression in the above formula will disappear. If xj is included only in x2 (second hurdle) gammaj will be zero then the first expression in the above formula will disappear.
6) Empirical Results
6.1) Descriptive Statistics
The figures and the descriptive statistics tables discussed in this section are based on the total samples of 18-69 years of age. The lower age limit is based on the observation that for individuals younger than 18, hospitalization is the parental decision. Figure 1 gives the distribution for days hospitalized for the total sample of age 18-69 years. Figure 2 gives the distribution of the days out of work for wage-earners. Figure 3 gives the distribution of days out of work for the self-employed. Actually, for days out of work, we planned to examine the wage-earners and the self-employed samples separately. However, this was not possible due to very small number of observations with non-zero outcomes in these subsamples of workers. In both the days hospitalized and the days out of work observations with zero days are substantial with over 80 percent as it is shown in Figures 1, 2 and 3 by gender.
Tables 1 and 2 give the characteristics by gender of the samples of zero observations and positive observations for days hospitalized and days out of work respectively. We can interpret the zero days as an indicator of good health both for the days hospitalized and for the days out of work. In both tables the last column gives pvalues for the test of the hypothesis that the means are equal between the zero-day and non-zero day groups. In Table 1 we reject the null hypothesis that the means for various characteristics for the zero-day and non-zero days of hospitalization are the same in all cases for the female and male samples at 1 percent level except for the category of university and above educated in the case of females. We conclude that for both females and males the characteristics for the zero-day group and the non-zero day group are substantially different from each other except the university and above characteristic for females. Table 2 shows the characteristics for zero and non-zero days out of work. In the case of females all characteristics are significantly different from one another for the zero and non-zero days. In the case of males all characteristics are significantly different from one another at one percent level with three exceptions. The high school education is different at 5 percent level and at least middle school and primary and less categories are not statistically significantly different from one another for the zero and non-zero day groups. Table 1 shows that for the females with positive days the mean days hospitalized is about 6 days. The females with positive days hospitalized are somewhat older (41 years of age) than those with zero days (38 years of age). The females with positive days of hospitalization have about 6 years of education and those with zero days of hospitalization have about 7 years. Their educational distributions are statistically significantly different except at the university and above category where the zero day and non-zero day groups of females have similar proportions. We now compare the males. For males with positive days the mean days hospitalized is about 8 days which is two days larger than that of females. The males with positive days hospitalized are somewhat older (45 years of age) than those with zero days (38 years of age). The years of education and the rest of the educational distribution are statistically significantly different from one another for the zero and non-zero days groups. Table 2 shows the various characteristics for the two groups of zero and non-zero days out of work. For the females the mean days out of work is about 15 days. The females with positive days out of work are somewhat younger (36 years of age) than those with zero days (39 years of age). Further females with positive days out of work are substantially better educated than those with zero days out of work. More clearly, those with positive days out of work have about 10 years of education and those with zero days out of work have about 6 years of education. The educational distributions of these two groups indicate that those with positive days out of work are 33 percent university educated and those with zero days out of work are about 8 percent university educated. These signify that those females with non-zero days out of work are substantially better educated than those with zero days out of work. We now consider the male sample. Mean days out of work is about 21 days which is longer than that of females. The males with positive days out of work are better educated (with about 9 years) than those with zero days out of work (with about 8 years of education). Those males with positive days out of work are 17 percent university and above educated and those with zero days out of work are about 14 percent university and above educated. Those with high school educated are different from one another at 5 percent level of significance. However, those with at least middle school education and those with primary school or less education are not statistically significantly different from one another for the two groups of zero and non-zero days.
In summary we can say that while females with positive days hospitalized during the last 12 months are substantially older but, they are less educated than those who are never hospitalized during the past year. The males with positive days hospitalized are also older but less educated than those who are never hospitalized during the past year. In contrast, females with positive days out of work are somewhat younger but are substantially better educated than those females who are never hospitalized during the past year. The males with positive days out of work are somewhat younger but better educated than those who are never out of work during the past year. Table 3 reports the average number of days hospitalized in the last year by gender, age, education and employment status. For all younger (older) females the average number of days hospitalized (clearly falls as education increases) first falls as education increases from primary or less to middle school but stays about the same as education increases further. For all younger and older males the average number of days hospitalized clearly fall as education increases. For both all females and males the average number of days hospitalized is larger for the older than for the younger. For the younger wage-earner females the average number of days hospitalized stays about the same (except the spike at middle school) as education increases. For the older wage-earner females, younger and older wage-earner males the average number of days hospitalized clearly decline as education increases. Similar to the case of all females and males the average number of days hospitalized is larger for the older than for the younger. For the younger and older female self-employed, there is no obvious pattern for the average number of days hospitalized. For the male self-employed the average number of days hospitalized decrease both for the younger and the older groups except the dip in the middle school for the younger group. Again, the average number of days hospitalized is larger for the older than for the younger. Table 4 reports the average number of days out of work in the last year by gender, age, education and employment status. For all of the groups there is no clear pattern of the average number of days out of work except for the younger male wageearner at which the average number of days out of work declines as education increases. At all education levels the average number of days out of work is larger for the younger than for the older groups except for the all males and male selfemployed.
6.2) Estimation Results
In this section we report the IV-Tobit, Tobit and Double Hurdle estimation results. The first stage OLS estimates of the education equation by gender are given in Table 5 . As mentioned previously, there are two instruments used in this study. One is the educational expansion of early 1960's. The other is the compulsory education extension from five to eight years in 1997. The first stage estimation is OLS regression of "years of schooling" on either educational reform of 1961 (PD1961) or educational reform of 1997 (PD1997). Both are dummy variables. The "Reform 1961" takes a value of 1 from 1952 onwards and zero before. Students may start school either at 6 or at 7 years of age. Because of this fuzziness we exclude the year 1952. The "Reform 1997" takes the value of one from 1986 onwards and zero before. Again the students may start school either at 6 or at 7 years of age. Because of this fuzziness we exclude the year 1986. Table 5 reports the coefficients of the reform dummies by gender. We observe that in the sample of days hospitalized for the cohort of 1945-1965 the coefficient of the Reform 1961 is negative and insignificant for females but positive and significant for males while the coefficients of the Reform 1997 are both positive and significant. In the samples of days out of work for the cohort of 1945-1965 the coefficient of the Reform 1961 is negative and insignificant for females but positive and significant for males while the coefficients of the Reform 1997 are both positive and significant. Therefore except in the cases of the Reform 1961 for females both of the reform dummies are positive and statistically significant. However, both of the reform dummies are rather weak instruments since they do not pass the Stock and Yogo (2005) criterion of a t-statistic larger than 3.2 for a strong instrument. For this reason, our IV-Tobit estimates as well as the accompanying exogeneity test of the education variable that are presented in the next section are not reliable Table 6 reports the results for IV-Tobit and Tobit estimates. At the lower part of the table, we report the results for Wald test of exogeneity of education, the instrumented variable. This test result indicates that in all cases the test statistic is not significant. This indicates that there is not sufficient information in the sample to reject the null hypothesis of exogeneity. Therefore these test results indicate that Tobit estimates are valid rather than the IV-Tobit results. However, this test may not be reliable due to weak instruments. In the rest of the paper we interpret the Tobit results. We estimate the Tobit models the total sample and for the two subsamples mentioned before (older and younger cohorts) since Wald test of exogeneity are valid for these subsamples.
Tobit Model Estimates
The Tobit estimates in Table 6 indicate that for days hospitalized, for the total sample the coefficient estimates are negative and statistically significant for both females and males. Further, both for the samples of 1945-1965 (older cohort) and the 1980-1990 (younger cohort) the coefficient estimates are negative and significant for both females and males. For days out of work, for the total sample the coefficient estimates for females are statistically significant and positive for females but negative for males. For the sample of 1945-1965 (older cohort) the coefficient for females are positive and highly significant indicating that for females an increase in years of education also increases the days out of work. However, the coefficient for males are insignificant. For the sample of 1980-1990 (younger cohort) the coefficient for females is again positive and significant indicating that an increase in education increases days out of work but for males negative and significant indicating that an increase in years of education reduces the days out of work.
In the case of a Tobit analysis it is more proper to interpret the marginal effects. In the case of Tobit analysis there are several kinds of marginal effects. The two kinds of marginal effects are reported in Table 7 . They are all computed as average marginal effects. For days hospitalized, in the total sample the marginal effects are all negative for both females and males. In the samples of both 1945-1965 and 1980-1990, all of the marginal effects are negative and significant. This indicated that clearly an increase in years of education reduces the days hospitalized for both females and males. For days out of work, in the total sample, for a female with positive days and for a randomly selected female both of the marginal effects are positive indicating that an increase in education increases the days out of work for females. In the sample of 1945-1965 (older cohort), only the marginal effect on the censored outcome for females is positive and significant. The other marginal effects are insignificant. In the sample of 1980-1990 (younger cohort), both of the marginal effects for females are positive and significant. However for males both of the marginal effects are negative and significant. These outcomes for days out work indicate that clearly an increase in years of education increases the days out of work for females but reduces the days out of work for males.
Chronic Diseases and Robustness Checks with the Tobit Model
For further estimation we have repeated the Tobit estimation on joint male and female samples of chronic diseases. We have considered the cases of three diseases. They are Lung Diseases, Heart Diseases and Bone Diseases. These estimations are carried out only for the days hospitalized and the cohorts of two samples of 1945-1965 (the older) and the 1980-1990 (the younger) . The Tobit coefficient estimates and the two marginal effects are all negative and significant for the 1945-1965 sample for all of the three diseases indicating that an increase in education reduces the days hospitalized even for the chronically sick. For the 1980-1990 sample negative effects are observed only for the case of lung diseases. However, for this sample the number of observations are substantially reduced hence, not reliable. These results are reported in Table 8 .
In order to check the robustness of our results to the inclusion of potentially endogenous variables, we have estimated the Tobit models by including, income, labor market status (this is not known for the 2010 wave of the survey), marital status, health insurance status (for the relevant years) and occupation one by one or simultaneously. When these variables are included one by one the results we have obtained in this paper were robust. However, when occupation was included along with others most of the coefficient estimates lost their significance. However, when all of these variables are included in the case of days out of work in the female samples the positive coefficient estimate of the years of schooling turned negative and was statistically significant in one case. These results are not reported for brevity. Table 9 presents the Double Hurdle estimates of the participation and intensity equations by gender. For the total sample the effect of years of education on hospitalization decision are negative and statistically significant for both females and males. For the samples of 1945-1965 and 1980-1990 (the older and the younger cohorts respectively) the effect of years of education on hospitalization decision are negative and statistically significant for females but not statistically significant for males. For the total sample, the effect of years of education on out of work decision is positive for females and negative for males which are statistically significant at one and five percent levels respectively. However, for the samples of 1945-1965 and 1980-1990 (the older and the younger cohorts respectively) the effect of years of education on out of work decision is positive and statistically significant at one percent for females but insignificant for males. These results imply that the years of education influences the out of work decision positively for females in the total, older and younger samples while for males the effect is negative in the total sample but insignificant in the older and younger samples.
Double Hurdle Model Estimates
The three kinds of marginal effects from the Double Hurdle estimates in Table 9 are prepared and reported in Table 10 . They are all computed as average marginal effects. We first examine the effect of years of education on days hospitalized. For the total sample, all of the marginal effects for both females and males are negative and statistically significant. For the 1945-1965 sample (older cohort) all of the marginal effects are negative and statistically significant except in the male sample for the unconditional marginal effect which is insignificant. For the 1980-1990 sample (younger cohort) all of the marginal effects are negative and statistically significant except in the male sample for the conditional marginal effect which is insignificant. From this discussion we can conclude that an increase in years of education reduces the days hospitalized for both females and males.
Next we examine the effect of years of education on days out of work. For the total sample all of the marginal effects are negative and statistically significant except for females for the unconditional marginal effect which is positive and statistically significant for a randomly selected female. The results are mixed for the older and younger cohorts. In the samples of 1945-1965 (older cohort) the marginal effects are insignificant except for females at the unconditional marginal effect (for a randomly selected female) where it is positive and statistically significant. In the sample of 1980-1990 (younger cohort) conditional marginal effect (for observations which are positive days) is negative and significant for females and insignificant for males while unconditional marginal effect (for a randomly selected individual) is positive for females and negative for males. These indicate that for males clearly an increase in years of education reduces the days out of work in the total sample but loses their significance in some of the older and younger samples. These outcomes for days out work indicate that clearly an increase in years of education increases the days out of work for a randomly selected females but reduces the days out of work for males. Table 10 also reports the marginal effects on the probability of any hospitalization and any days out of work. In the male and female samples, the marginal effects of education on any hospitalization are statistically significant and negative except in the male sample for the older cohort. These results imply that the education reduces the probability of any days hospitalized. On the other hand, in the male sample the marginal effects of education on any days out of work are statistically significant and negative only in the total sample but not in the older and younger samples. However, in the female sample the marginal effects of education any days out of work are statistically significant and positive. These results imply that the education increases the probability of any days out of work for the females but, the reverse is true for the total males.
7) Conclusions
This paper investigates the effect of education on days hospitalized and days out of work using the Tobit and Double Hurdle estimates with pooled samples of 2008, 2010, 2012 and 2014 waves of the THS. We find that our instrumental variables estimates are unreliable due to the possibility of weak instruments. Therefore, we estimate Tobit models and Double Hurdle models. The econometric methodology employed considers the fact that the dependent variables, the days hospitalized and days out of work contain substantial number of zero observations (days). Such an approach has not been used before to analyze hospitalization days and days out of work in the Turkish case and provides interesting insights. To the best of our knowledge, Arendt (2008) investigated the education effects on days of hospitalization in Denmark however, the education effects on days out of work for health reasons has not been considered in the literature before.
Using the Tobit analysis the main conclusions are as follows. An increase in years of education reduces the days hospitalized unambiguously for both females and males in the total, older and younger cohorts as well. The results for days out of work indicate that an increase in years of education increases the days out of work for females but reduces the days out of work for males in the total, younger and older cohorts. Considering the Double Hurdle models we reach the following conclusions. An increase in years of education reduces the days hospitalized for both males and females supporting the Tobit estimation results. The results for days out of work indicate that for a randomly selected female (unconditional marginal effect) the effect of an increase in years of education is to increase the days out of work. This results also supports the Tobit analysis. The effect of an increase in years of education is to reduce days out of work for males in the total sample but this results mostly lose their significance in the older and younger male samples.
The reduced days of hospitalization due to increased years of education may be due to two effects. One is the lower probability of any hospitalization. The other is the earlier discharges or both. We have not investigated these effects in this study.
Our finding of significant difference between females and males in the education effect on days out of work is also encountered in the literature. Leigh (1983 ), Paringer (1983 , Vistnes (1997) , Mastekaasa (2000) , Ichino and Moretti (2009) and Alba-Ramirez and Lopez-Mourels (2017) have found that women tend to be more out of work than men. While Leigh, Vistnes and Alba-Ramirez and Lopez-Mourels found that this can be attributed to the presence of children other authors such as Paringer (1983) and Vanden Heuvel and Wooden(1995) found that absenteizm is less likely among women with dependents. We did not pursue this avenue and deferred it for future research.
We have no way of checking where do most of the females work. We do not know if they work in public or private sector. In any case, it seems that the better educated females make use of more days out of work than less educated. It is possible that most of the better educated females are working in the public sector and better aware of the possibilities of call for sick days and make liberal use of them.
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